was strongly influenced by motor memory retention, that is, improvements over the retention period from 1 0 4
Last Training Trials to Posttest were associated with improvements from Last Training Trials to Transfer 1 0 5 (r = 0.84, p < 0.001, n = 48), an association that was weaker for the Random (r = 0.48, p = 0.024, n = 24) 1 0 6 than for the Blocked groups (r = 0.88, p < 0.001, n = 24; p = 0.007, z = 2.72, for the difference between 1 0 7 correlation coefficients after Fisher r-to-z transformation). This suggests that, in general, an enhanced 1 0 8 consolidation from Training to Posttest is strongly connected to an enhanced Training to Transfer 1 0 9 consolidation but transfer learning was less hampered by motor memory consolidation after random than 1 1 0 after blocked training. Motor error quantified by EA is affected by both, predictive feedforward and responsive motor 1 1 2 feedback. As the feedback responses typically start to compensate for feedforward errors already at 100 1 1 3 ms (18) and the average trial duration across groups was about 550 ms, EA should mostly reflect the 1 1 4 feedback responses. Thus, we tested if the observed influences of training conditions also underlie 1 1 5 feedforward motor prediction as measured by FFCF. Neither training nor sleep condition influenced motor 1 1 6 prediction changes from Training to Posttest (retention*sleep, F(1,44) = 1.23, p = 0.274, pEta² = 0.027; 1 1 7 retention*training, F(1,44) = 0.56, p = 0.459, pEta² = 0.013) or Training to Transfer (retention*sleep, 1 1 8 F(1,44) = 1.37, p = 0.249, pEta² = 0.030; retention*training, F(1,44) = 0.41, p = 0.524, pEta² = 0.009). This suggests that the observed effect here is more affected by late feedback than early feedforward 1 2 0 responses. bands were unaffected by Sleep vs. Wake. Thus, we focused on further task-EEG analysis regarding the adaptation only in alpha frequencies (19) . Based on these previous findings, we defined a left-and right-1 3 0 hemispheric region of interest (ROIl: CP5, CP1, Pz, P3; ROIr: CP6, CP2, Pz, P4) and found a higher alpha 1 3 1 band power for the Random compared to the Blocked groups in the Posttest and a similar effect which did 1 3 2 not reach significance in the Transfer test, both during movement execution (Posttest, t(46) = -2.22, p = 1 3 3 4 0.031, d = 0.642, for t-test of ROIl; Transfer, t(44) = -1.85, p = 0.072, d = 0.543, for t-test of ROIr). planning, ρ = 0.595, p = 0.025; execution, ρ = 0.550, p = 0.025) but only during trial execution for ROIr 1 4 7
(planning, ρ = 0.389, p = 1.0; execution, ρ = 0.486, p = 0.050). Though sleep during consolidation did not improve the motor performance more than wake-time, we performance ( Supplementary Table S1 ).
5 4
Consolidation success was predicted by sleep spindles and their occurrence during upstates of 1 5 5 slow waves ( Supplementary Table S2 ). In brief, longer sleep spindles and especially their occurrence 1 5 6 (count and density) during upstates of slow waves were associated with improvements from Training to 1 5 7
Posttest and Training to Transfer. This effect was most pronounced in the left parietal area (i.e., P3, 1 5 8 corresponding to ROIl) and also indicated by more slow-wave activity (power density) during sleep- Our results show that Random and Blocked groups adapted to the force field conditions successfully. (enclosed area), which is mostly affected by responsive feedback corrections, but not in the measure of 1 7 5 motor prediction (force field compensation factor). Our behavioral results exclude a substantial profit from sleep on the present motor adaptation task. Task performance and measures of consolidation were independent on whether participants spent awake Despite the lack of a consolidation benefit of sleep over wake retentions, the consolidation success 1 9 0 correlated positively with sleep spindle activity during slow-wave upstates. This is at odds with the view 1 9 1 that consolidation of motor adaptation learning is completely independent of hippocampal processes, 1 9 2 because the coalescence of spindle and slow-wave activity during sleep is thought to benefit consolidation 1 9 3 of hippocampal-dependent tasks in particular (22) (23) (24) . Intriguingly, we found task-consolidation-1 9 4 associated alpha activity over parietal brain regions which matches the strong association of sleep-1 9 5 mediated consolidation in the same regions. This concurs with the view that cortical regions that were 1 9 6 engaged in learning have a strong local association with spindles and slow waves in subsequent sleep (25) 1 9 7
and predict the extent of consolidation (26). If such associations are functionally involved in the 1 9 8 consolidation process in our data or are merely a reflection of consolidation success of other memories, 1 9 9 not tested by our task, is unclear.
We found variable training in the motor adaptation task was predictive of consolidation benefits.
0 1
This study therefore reproduced earlier findings of the contextual interference effect (12, 27) in that higher 2 0 2 training variability led to a decreased motor performance at the end of Training, but to a performance 2 0 3 similar to that of the blocked training groups on the Posttest and to even performance benefits on the only feedforward dependent (28, 29) . Therefore, it is likely that the motor benefits of the Random groups Posttest performance was comparable. This points to unstable training conditions to either prime for better 2 1 2 memory consolidation or the formation of memory that is more stable. Also, the generalization to the Transfer test on the left hand was more pronounced in the Random groups. The consistency of this 2 1 4 generalization benefit over 30 trials speaks for a stable long-term memory effect. This was confirmed by 2 1 5 the significant association of the Training performance and benefits in memory consolidation that is lower
Training performance (in terms of higher motor error) from unstable training also led to better retention 2 1 7
performance.
1 8
During Transfer testing, the participants expected a force field on their left hand that was directed 2 1 9
in the opposite direction than force field was during Training of the right hand which explains the initially performance. This suggest the generalization not to take place in an extrinsic force field transformation 2 2 2 but rather in intrinsic, mirror symmetric coordinates, that is, perturbation was expected to come from right 2 2 3 on the right hand and from left on the left hand. This agrees with the literature (9) Paradoxically, we do not find an even more decreased initial Transfer performance for Random groups, as would be expected by a more stable intrinsic representation in this group which gives rise to 2 2 9
predict the force field in the opposite 'wrong' direction during Transfer. But the opposite was the case, i.e., the Random groups showed an enhanced Transfer performance compared to the Blocked groups. There are three possible explanations for this outcome: generalized memory. However, motor performance quantified by the motor prediction showed similar Transfer performances for all groups, indicating similar generalizations between groups. (2) Random training favored the formation of a different coordinate system (or mixture of 2 3 7 systems, 32). The results, however, do not support such explanation as motor predictions were similar 2 3 8 between groups. In addition, inspection of single individual data revealed cues for an extrinsic force field 2 3 9
representation in only 4 of the 24 participants of the Random groups. This was also the case in 2 of the 24 2 4 0 participants of the Blocked groups. (3) Random training led to a generally increased ability to use feedback responses. This 2 4 2 explanation is supported by the finding that only motor error, which is sensitive to feedback corrections, 2 4 3 but not motor prediction showed an increased memory consolidation for the Random groups. In addition, 2 4 4
the EEG data shows that parietal but not frontal areas of the brain are involved in the contextual 2 4 5
interference effect, with the former known to be specifically implicated in sensory integration (34). corrections in motor behavior. Altogether, variable training leads to benefits in consolidation of a force field adaptation task.
4 9
This effect is even more prominent when retention is tested on the contralateral hand. We assume that the 2 5 0 increased consolidation after highly variable training is facilitated by an increased ability to use online 2 5 1 feedback corrections. band power over parietal areas, which concurs with previous findings from our lab (19). In detail, we were correlation might indicate that, for Random groups, a more accurate and, thus, better consolidated motor 2 5 9
performance comes in parallel with an increased inhibition of parietal areas. The results also showed that consolidation in this force field adaptation task can be predicted by whether the greater efficacy of random training specifically results from its ability to counter the 2 6 6 disadvantage of increased parietal alpha power during training and whether parietal alpha power is 2 6 7 connected to online feedback corrections of the motor system. Forty-eight healthy, male participants recruited from the local university campus were included in the 2 7 2 study (age 24.27 ± 0.45 yrs.). All participants were native German speakers with normal or corrected to 2 7 3 normal vision and were tested for right-handedness by the Edinburgh handedness inventory (36). They reported not to nap habitually or have any sleep disorders and did not take any medication at the time of from caffeine-and alcohol-containing drinks for at least 2 days before and on the days of the experiments. Experimental task and task-protocol were new to the participants. All participants provided written informed consent and the study was approved by the ethics committees of the Karlsruhe Institute of 2 8 0
Technology and the University of Tübingen. Technologies, Kingston, Canada; Fig. 1a ). The manipulandum sampled position of the handle and forces 2 8 6 exerted on the handle at 1000 Hz. Participants' grasped the handle and their forearm was supported by an 2 8 7 7 air-sled system which enabled low friction movements. The task goal was to move a cursor on a screen -2 8 8 controlled via the robot handle -into a target circle (Fig. 1b) . To prevent movement anticipation, each 2 8 9 trial started with a fixation cross and the highlight-duration of this fixation cross varied randomly between 2 9 0 0.8 and 1.5 s. When the fixation cross changed its shape to a target circle, subjects were allowed to start 2 9 1 their movement (no fast reaction times were required). After reaching the target, the manipulandum 2 9 2 actively guided subjects' hands back to the center point and provided the beginning of the next trial. In 2 9 3 total, six targets were arranged on a circle with a diameter of 20 cm surrounding the center target. The 2 9 4 target order was pseudo-randomized so that in every block (containing 6 movements) every target 2 9 5 highlighted just once. In addition, within each group the target order was different for every single subject 2 9 6 so that the mean target direction and the mean force field magnitude across all subjects was identical of 2 9 7 each specific trial. The manipulandum can produce forces via the handle towards subjects' hands. In this study, we 2 9 9
implemented three types of trials. In null field trials, no forces were produced and subjects performed 3 0 0 movements under unperturbed conditions. In force field trials, the motors of the manipulandum were force channel from start to target so that the subjects were only able to move along this path directly into 3 0 4
the target (Fig. 1c) . In every single trial, visual feedback about the movement time was given to ensure 3 0 5 similar movement times across trials and subjects (< 450 ms: too slow; > 550 ms: too fast).
0 6
Offline calculations of dependent variables on the behavioral level were performed using 3 0 7
MATLAB R2015b (MathWorks Inc., Natick, MA, United States). For null field and force field trials, we 3 0 8 computed the motor error by using the enclosed area (EA) between subjects' hand path and the vector 3 0 9
joining start and target (Fig. 1c, left) . This parameter was averaged over 30 trials for the Baseline, First channel trials, we calculated a force field compensation factor (FFCF; Fig. 1c, right) mainly movement prediction and, thus, feedforward mechanisms (28). From now on, the term motor error 3 1 5
will refer to the enclosed area and the term motor prediction will refer to the force field compensation 3 1 6
factor. This study compares the effects of random (unstable) vs. blocked (stable) training on motor adaptation and 3 2 0 consolidation processes during wake vs. sleep. In a between-groups design, participants were randomly 3 2 1 assigned to four equal sized groups (n = 12) of comparable age (range 18-30 yrs; p > 0.45, for one-way 3 2 2 ANOVA between groups) with altered training conditions and retention periods taken place either in the 3 2 3 night or during the day. All participants trained with their dominant right hand the motor adaptation task. The task was either trained in a random trial sequence (Random group) or in three randomized blocks, 3 2 5 each containing a consistent field magnitude (Blocked group). Participants trained either in the morning (9 3 2 6 am; Fig. 1d ) and were retested in the evening (8 pm; Wake-Random, WR; Wake-Blocked, WB) or, vice 11 hours for all groups. The Wake participants spent their awake time following their usual daily activity Retest session contained a Posttest and Transfer test, quantifying the motor performance of participants 3 3 2 using their right (Posttest) and left (Transfer) hand (Fig. 1d) . Before Training, participants were mounted with a task-EEG and familiarized themselves with the Random group trained all trials with force field magnitude switching from trial to trial in a pseudo-random session with unmounting of the task-EEG and were given instructions for the daytime until arrival for the 3 4 8
Retest session in the evening; the Sleep group participants, however, were additionally prepared for the 3 4 9
sleep-EEG and received instruction for the overnight home-polysomnography recording until the next day.
3 5 0
The Sleep group started the Retest session with the unmounting of the sleep-EEG.
3 5 1
The Retest session was the same for all participants. Thereby, all participants performed a Posttest 3 5 2 of the task with 6 force channel trials, 30 force field trials, and 6 force channel trials. All force field trials 3 5 3
were fixed at the mean force field magnitude of the Training (15 Ns/m). Posttest was followed by a To record the EEG during task performance we used the actiCHamp system with 32 active-electrodes and Gilching, Germany). The task-EEG was synchronized with the manipulandum via a direct link and the 3 6 2
data was sampled at 1000 Hz. Electrodes were mounted on subjects' heads with a cap and 29 electrodes were used for the recording of cortical activity using the international 10-10 system (Fp1, Fp2, F7, F3, Fz, Cz was used as the reference and Fpz as the ground electrode. The impedances of the electrodes were kept 3 6 7 below 10 kΩ. Offline EEG analyses were done using MATLAB R2015b (MathWorks Inc., Natick, MA, United 3 6 9
States) and EEGLAB 13.5.4b (41) . Raw data of the task-EEG was filtered first by a FIR high-pass filter Hz. Line noise was removed using the cleanline plugin for EEGLAB. Channels strongly affected by 3 7 2 artifacts were removed by visual inspection and the missing channels restored using a spherical 3 7 3
interpolation. Electrodes were re-referenced to the average reference and channel location Cz was 3 7 4
reconstructed and appended to the data. Then, EEG data was epoched into segments of 8.5 s ranging from data to 99.9 % of the variance and, thus, deal with the reduced rank due to interpolation. Then, infomax ICA components, the components were evaluated in the spectral, spatial and temporal domain. Components showing distinct artifacts were rejected and the data was re-transformed into the channel acquisition and recall of motor memories. J. Neurophysiol. 88, 2114-2123 (2002) . learning. J. Exp. Psychol. Learn. Mem. Cogn. 34, 834-842 (2008) . Psychol. Bull. 142, 568-571 (2016) . task. J. Neurosci., 14, 3208-3224 (1994) . of a motor skill. J. Exp. Psychol. Hum. Learn. Mem. 5, 179-187 (1979) . Hum. Mov. Sci. 9, 241-289 (1990) . Biobehav. Rev. 57, 132-141 (2015) . 17, 202-212 (2003) . is not always the first to provide solution. Neuroscience 150, 743-753 (2007) . representation of a motor skill. Neuroscience 171, 227-234 (2010) . University Press, 1988). 
